This paper analyzes the relationship between R&D expenditures, innovation and productivity growth, taking into account the possibility of persistence in firms' behaviour. We study this relationship for a sample of Spanish manufacturing firms between 1990 and 2005, estimating a model with four equations: participation in technological activities, R&D intensity, the generation of innovations and the impact of these technological outputs on total factor productivity growth. Our results reflect the existence of true state dependence both in the decision of R&D investment and in the production of innovations. The omission of this persistence leads to an overestimation of the current impact of innovations on productivity growth. However, the presence of persistence in technological inputs and outputs entails current R&D activities having long-run effects on a firm's productivity.
Introduction
The analysis of productivity growth and its determinants is a classic topic in Industrial
Economics. There is a large number of papers that study this question from an empirical point of view, pointing out the performance of technological activities as an essential source of firms' growth. Following the method proposed by Griliches (1979) , some authors include a stock of knowledge capital as an additional input in the firm's production function. Recently, the idea that the growth of firms is more related to the results of technological activities than to the inputs used in them has generated some studies that directly analyze the impact of technological outputs (process and/or product innovations, patents…) on firms' productivity.
Specifically, Crepon, Duguet and Mairesse (1998) developed a multi-equational model (hereafter the CDM model) that explains productivity growth by technological outputs and the latter by technological effort. Since the appearance of this seminal paper, many researchers have applied the same methodology to different European countries using essentially crosssectional data from the Community Innovation Surveys (CIS Data) 1 .
However, only a few studies have used panel data to perform the analysis, mainly due to information availability, and therefore there is little evidence about these decisions that take into account the dynamics in a firm's behaviour. Some exceptions are the papers by Cefis and Orsenigo (2001) , Cefis (2003) , Raymond et al. (2009) , Mañez-Castillejo et al. (2009) and Peters (2009) , which empirically analyze the persistence of R&D activities or technological outputs with different methodologies and results.
In this line, the objective and the main contribution of the present paper is to consider the existence of persistence both in the R&D investment decision and in the achievement of innovations when estimating the recursive model that reflects the relationship between R&D, innovations and productivity. Mohnen (2002, 2005) and Mohnen et al. (2006) using French CIS1 and CIS3 data, Parisi et al. (2006) for Italian manufacturing firms, Lööf and Heshmati (2006) using Swedish manufacturing data, Van Leeuwen and Klomp (2006) and Van Leeuven et al. (2009) for Dutch manufacturing firms, and Griffith et al. (2006) using firm-level data from the internationally harmonized CIS3 for France, Germany, Spain and the UK. Two examples for non-European countries are Benavente (2006) for Chile and Jefferson et al. (2006) about China.
R&D investment and in the production of innovations. The omission of this persistence in the analysis leads to an overestimation of the current impact of innovations on productivity growth. However, the existence of true state dependence in technological inputs and outputs entails current innovation activities having long-run effects on a firm's productivity. This is especially important when analyzing the relevance of technological policy as an instrument to induce productivity increases.
Following this introduction, the next section presents the theoretical framework and the empirical multi-equational model. Section 3 describes the database and the variables included in the specification. The results of the estimation of the model are presented in Section 4 and, finally, Section 5 summarizes the main conclusions.
Theoretical framework and empirical model
As we explain in the introduction, the model to be estimated is an adaptation of the CDM model, which reflects the sequence of a firm's decision. The first equation describes the firm's decision to engage in technological activities or not. The second one refers to the intensity of technological inputs (measured basically by the intensity of the R&D expenditure). The third equation deals with the generation of innovations on the basis of both internal and external technological inputs and, finally, the fourth equation shows the impact of these innovations on productivity growth, measured by the Solow residual.
Unlike the CDM model, which circumscribes the analysis of innovative firms, in this paper we also take into account those firms that do not declare R&D expenditures. Following the approach of Griffith et al. (2006) , we consider that to some extent all firms make some innovative effort. However, below a certain threshold, the firm is not capable of picking up explicit information about this effort and will not report on it. Thus, we estimate a selection model for the observed R&D intensity.
Additionally, instead of considering a static framework, we model the firm's decision to engage in R&D activities and the equation for the generation of innovations taking into account the possible persistence in these stages. As Heckman (1981) points out, there are two explanations for persistent behavior: the true state dependence and the spurious dependence.
The first one implies a real causal effect: the probability of investing in t-1 increases the probability of investing in t. There are some theoretical explanations for this real true dependence in the case of innovation activities (Peters, 2009) : the sunk cost associated with the performance of R&D activities, the "success breeds success" hypothesis and the existence of dynamic increasing returns. Alternatively, some firm characteristics can positively affect the decision to engage in R&D activities or the generation of innovations and, if they are correlated over time, could also create a spurious relation between current and future status (spurious dependence). Some of them can be observables, like size, and it is possible to control them in the empirical analysis. However, there are other characteristics, like managerial ability, technological opportunities and risk attitudes that are unobservable. If these characteristics are persistent over time and they are not properly treated in the estimation, they can generate a spurious state dependence in R&D activities.
According to these theoretical explanations for real state dependence, it is not clear whether persistence is more related to technological inputs or outputs. Under the sunk cost hypothesis, R&D decisions are modeled in a long-term horizon, given that sunk costs could represent not only a barrier to entry for new firms, but also a barrier to exiting for incumbent firms that have not recovered their investments. In this case, an input measure would be desirable.
However, the "success breeds success" and the "learning by doing" hypotheses are more associated with technological results. Additionally, if we assume that innovation outputs are basically determined by innovation inputs, input persistence should be translated partially into output persistence.
The empirical evidence about this question is mixed. Mañez et al. (2009) study the persistence in the firm R&D status, i.e., in the decision to engage in R&D activities, while Peters (2009) analyzes whether firms innovate persistently, defining an innovator as a firm which exhibits positive innovation expenditure in a given year. In contrast to these studies, Duguet and Monjon (2004) and Raymond et al. (2010) examine the persistence in innovation outputs, although, as they use CIS data, their indicators as to whether a firm has introduced an innovation are related to a 3-year period, which could induce an artificial persistence due to overlapping time periods and double counting (Peters, 2009 
, where it r is a binary variable that takes the value 1 when the firm invests in (and reports) In the original estimator proposed by Wooldridge (2005) , instead of the average of the exogenous variables, he uses all the time observations of the variables. However, he shows that time-averages can be used to reduce the number of explanatory variables.
Therefore, under this parameterization, the probability of being a firm which engages in (and reports) R&D activities is:
Conditional on the performance (and reporting) of R&D activities, we can observe the quantity of resources allocated to this purpose; that is,
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Therefore, to capture the true impact of R&D intensity on knowledge production, we estimate a selection model for the observed intensity and to use the predicted value as a proxy of the innovation effort in the production function of knowledge or innovations. However, to our knowledge, there is not any accepted econometric procedure that integrates the intensity The third equation of the model corresponds to the estimation of the new knowledge production function, i g , generated from firms' technological effort. This new knowledge is measured alternatively by three dummy variables that capture, respectively, the achievement of product innovations, process innovations, and any of them 5 . Given that the investment intensity is a public good within the firm, it can be used to produce different outputs without depletion. Therefore, we can model it g as a vector of technological outputs:
, where the latent investment intensity
* it id appears as an explanatory variable joint with the vector it y , which includes other determinants of the knowledge production (time-variant and time-invariant variables). We also add the dependent variable lagged one period, 1 it g − , in the specification to reflect whether the firm has previously generated new knowledge capturing the innovation output experience.
As in equation [3] , following Wooldridge (2005), we model the unobserved heterogeneity i ζ as dependent on the initial conditions and the average of the explanatory variables:
We assume that ) , 0 ( . . . the percentage of total variance explained by the unobserved heterogeneity. Therefore, the new knowledge production function can be expressed as:
Given that our measures of new knowledge generation are binary variables for process or product innovation, the last equation will be estimated by a dynamic RE Probit model.
Finally, firms produce goods using the following production function (in growth rates):
where y, l, k and m stand respectively for the logarithmic differences in production and in the quantities of labor, physical capital and intermediated inputs, , elasticities with respect to the above inputs, and a is the productivity growth, which in part will be determined by the technological output g.
Rearranging terms, it is possible to explain the last expression as a total factor productivity equation:
, where it θ is the well-known Solow residual and it ϖ is a vector that includes the variables reflecting the non-fulfillment of the assumptions associated with this kind of model (constant returns to scale, instant adjustment of the inputs), along with other control variables. In the estimation of this last equation, we will take into account the potential endogeneity of the technological output g. employees are chosen by a random sampling scheme and the rate of participation is around 4%. For firms employing more than 200 employees, the rate of participation is about 60%.
Data and variables definition
The sample considered is about 2000 manufacturing firms that have ten or more employees each year. Table 1 shows the main characteristics of the database distinguishing between small and medium-sized firms (SME) (with fewer than 200 workers) and large firms (more than 200 employees). To analyze the dynamics of R&D activities, it is required that the firms answer 6 See a more detailed description of the database in http://www.funep.es/esee/en/einfo_que_es.asp consecutively. In this sense, only those firms that have at least eight consecutive observations, which is the average period of our sample, have been taken into account. As can be seen in Almost 90% of firms which perform R&D activities in one year persist in the following year.
Additionally, more than 93% of non-performing firms in t-1 are also non-performers in t, while 7.3% engaged in R&D activities. This implies that the probability of undertaking R&D in t is 82 percentage points higher for performers than for non-performers in t-1 7 .
Following theoretical models (Arvanities and Hollenstein, 1994, Klepper, 1996) , the variables to be included in the participation and the intensity equations relate basically to the technological environment, demand and market conditions, appropriability of the benefits derived for technological investments 8 , financial restrictions and size (to capture the existence of economies of scale in R&D). In this line, given the available information in the database, to capture environmental and demand conditions, we have introduced, as explanatory variables, one indicator of the firm's export character and a variable reflecting whether the market evolution perceived by the firm each year was expansive or recessive with respect to the previous year.
Following Schumpeterian tradition, we include a qualitative measure of the number of a firm's rivals to capture the degree of market competition. 9 A negative impact of this variable on the participation decision would be coherent with the hypothesis that the more competitive the market, the less capacity firms have for appropriating the benefits of their investments, and therefore have fewer incentives to make these investments. To indicate appropriability conditions, we have also used the proportion of engineers and graduate employees in the firm.
We can think that those firms with more qualified personnel are more capable of assimilating new knowledge, whether it is developed internally or externally. Piva and Vivarelli (2009) provide evidence that supports this hypothesis for a panel of Italian firms.
With respect to financial restrictions, we use a categorical variable that shows whether the firm obtained public support during the year. The evidence about the impact of financial restrictions on investment effort is mixed. Hall et al. (1999) find that during the period 1978-1989, R&D in the American high-tech sector was sensitive to cash flow, while the results are not so clear in the case of France and Japan. Bond, Harhoff and Van Reenen (1999) find that the cash flow affects the decision to perform R&D more than the levels of expenditure.
Previous works for Spanish economy point out that, irrespective of firm size, the investment effort since 2000 has been superior in firms that won public support than in those who apply for it without success, and greater in the latter than in firms that did not apply for it.
Along with the above variables, the model includes indicators to capture differences in the firms' investment behavior in terms of the time of permanence in the market. International evidence suggests that entrants are among the most innovative and that the growth rate postentry depends on their innovative behavior, the probability of survival being tied to the existence of technological opportunities. 10 Therefore, we introduce the firm's age and two dummies reflecting whether the firm was an entrant or an exiting firm during the period. The set of mobility indicators is fulfilled with two event dummies for mergers and scissions.
Finally, we include sets of time, size, and industry dummies as control variables in both equations, and two factors related to firms' organizational aspects: belonging to a society and the degree of services subcontracting. As Raymond et al. (2009) point out, firms that are part of a group can be more innovative because they benefit from internal financing, knowledge spillovers and marketing synergies.
As for the knowledge production function, the ESEE provides qualitative information about the achievement of process and product innovations. In particular, a product innovation is assumed to have occurred when the firm answers the following request in the affirmative:
"Please indicate if during the year 199x your firm obtained product innovations (completely new products or products with such important modifications which made them different from the old ones)". In a similar way, a process innovation is assumed to have occurred when the firm answers the following request positively: "Please indicate if during the year 199x your firm introduced some significant modification in the production process (process innovation).
10 See, for example, Audretsch (1995) and, for Spanish industry, Huergo and Jaumandreu (2004) .
If the answer is yes, please indicate the way: a) introduction of new machines; b) introduction of new methods of organization; c) both." Table 3 shows the transition probabilities for the generation of product or process innovations during the sample period. In both cases, the status in t-1 is positively correlated with the status in t, although the persistence seems to be slightly higher for product innovations. Almost 70% of firms which innovate in one year persist in innovating the following year, while more than 82% of non-innovative firms in t-1 are also non-innovators in t. This confirms the interest in taking persistence into account when analyzing the generation of new knowledge. With respect to the explanatory variables in the knowledge production function, in the case of process innovations, given that these can be obtained by buying new machines, along with investment effort we include physical capital intensity (in logs). In addition, irrespective of the type of innovation, the set of variables also comprises specific industry characteristics.
Notice that, along with internal inputs, it is also necessary to take into account other elements that do not depend completely on the firms' decision but can affect their generation of innovations. In particular, the incentives to allocate resources can change depending on demand price elasticity. In markets where the product supplied by the firm is highly standardized, product innovations are a better mechanism for reducing competitive pressure.
In the estimations, we use a binary variable reflecting the degree of product homogeneity as a "naive" proxy of demand price elasticity. This index takes the value one if the product sold by the firm is highly standardized. The specification also includes industry dummies to capture the possibility of technological spillovers and different life cycles and technological regimes (Klepper, 1996, and Utterback, 1994 Note that, for almost all explanatory variables to be used in the selection equation, the variation across firms ("between" variation) is bigger than the time variation ("within"). See, for example, the age, the degree of services subcontracting, the proportion of engineers and 
Econometric results
In this section, we present the results of the estimation of the model depicted in Section 2. In the second stage, we estimate the knowledge production function [5] , introducing the predicted value of the R&D intensity as an explanatory variable. As we indicate in Section 2, the technological effort can be used to obtain new products and/or processes. Therefore, we consider both types of innovations to be technological outputs. Additionally, we study whether the probability of obtaining a process or product innovation is positively affected by previous success in the generation of innovations. Given the binary character of our innovation indexes, we estimate this equation as dynamic RE Probit models. As in the first stage, Wooldridge's approach is used to parameterize the unobserved individual heterogeneity.
Finally, in the last stage, the productivity growth equation [8] is estimated taking into account the potential endogeneity of the technological factor in the production function. (3) and (5) We tried almost the same set of explanatory variables for both equations ( it it x z = ), but eventually we included only those variables that turn out to be statistically significant in each equation in the specification. There are four variables, the proportion of engineers and graduates, the firms' age, the degree of services subcontracting and the number of competitors, which present a very small within-firm variation. For these reason, we consider them to be time-constant specific variables in the estimation for the participation equation.
R&D investment intensity
This implies that these variables cannot be included in the parameterization of the individual effects 14 . Additionally, the dynamic RE Probit model requires the strict exogeneity of the explanatory variables. Although it is possible to assume that most variables are exogenous, the indicators for being an exporter and for the winning of public support are introduced with a lag in the decision equation to control for endogeneity.
With respect to the decision to engage in (and report) R&D activities, the estimation in column (2) confirms that it is relevant to consider the existence of persistence. Even after controlling for individual unobserved heterogeneity, previous behavior as an R&D performer has a positive effect on the probability of engaging in R&D activities at present. That is, conditional on other firms' characteristics, a firm which performs R&D in t-1 is almost 60
percentage points more probable to undertake R&D activities in the next period.
The initial conditions are also significant, which suggests the existence of a high correlation between the initial value and the unobserved heterogeneity. In particular, the achievement of public support and being an exporter in the previous period have a positive impact on the probability of innovating. Additionally, the coefficient of correlation a ρ at the bottom of column (2) indicates that the unobserved heterogeneity explains 12% of the total variance of the dependent variable 15 .
Comparing the first and the second columns, the results show that, when the persistence in the decision to perform R&D activities is taken into account, some explanatory variables which are strongly significant in the pooled Probit estimation lose their effect. For example, the number of rivals that exhibits a negative coefficient in column (1) -which is coherent with the Schumpeterian hypothesis -is non-significant in column (2). The same result occurs with the degree of services subcontracting and the firms' age. All of them are variables with a small time variation and their effect is probably captured by the lagged dependent variable.
However, there are some explanatory variables which still are significant and increase the probability of carrying out R&D expenditures. Specifically, the proportion of engineers and graduates (as a proxy of skilled employees) confirms the relevance of having qualified workers in the firm to more easily assimilate new knowledge. In addition, firms which operate in markets with an expansive demand present a higher probability of engaging in R&D activities.
As can be seen at the bottom of Table 5 , the Wald tests confirm that the control variables are jointly significant. From the coefficients of the size dummies 16 , a positive relationship between a firm's size and the decision of carrying out R&D is established. This is consistent with the hypothesis that large firms are more capable of exploiting economies of scale or scope in technological activities, but also with the idea that these firms have advantages in appropriating the results of them and obtaining external funding.
Due to the fact that estimation in column (2) confirms the existence of true state dependence in the innovation activity and that we are interested in the prediction of the R&D intensity for the second step of the CMD model, we proceed to estimate a Generalized Tobit model with dynamic in the participation equation. Again we parameterize the unobservable heterogeneity following Wooldridge (2005) . The results in column (3) are quite similar to the ones in column (2), although the coefficient of the lagged dependent variable is slightly bigger and the number of competitors as a proxy of market competition is now significant as in the pooled Probit.
As can be seen in columns (4) and (5), once the firm has decided to invest, the proportion of engineers and graduates, the winning of public support in the previous period, and the export intensity stimulate the intensity of R&D investment, while the firm's age has the opposite effect. These results are in accordance with Hall et al. (2009) and Griffith et al. (2006) .
However, unlike this last paper, we find that the demand evolution has a positive effect not only on the participation decision but also on the R&D intensity. Additionally, belonging to a group of companies does not affect the amount of R&D expenditures.
The knowledge production function
The second stage of the model corresponds to the estimation of the new knowledge production function (equation [5] ) generated from the firm's technological efforts. In Table 6 , we show the results of this estimation for three alternative measures of innovation outputs, 16 The coefficients are available from the authors upon request.
using the predicted value of R&D intensity (obtained from the estimations in columns (3) and (5) in Table 5 ) as an explanatory variable. Notice that the R&D intensity equation can be interpreted as an instrumental variables equation, in which innovation effort is presumably endogenous to the innovation production function -that is, there can be unobservable (to the econometrician) firm characteristics that make firms invest more in R&D and, at the same time, make them more productive in the use of this effort. This could generate spurious correlation and upward bias in the coefficients of the knowledge generation equation.
Both for product and process innovation equations, the estimations in columns (2) and (4) also confirm in this case the existence of true state dependence. Conditional on other firm characteristics, a firm which innovates in t-1 is around 35 percentage points more likely to innovate in the next period. The last two columns in Table 6 show the results when we do not distinguish between product and process innovation. That is, we consider that a firm obtains a technological result independently of the kind of innovation 17 . As can be seen, the coefficient of the lagged dependent in column (6) is quite similar to those obtained in columns (2) and (4), supporting the existence of persistence.
As we expected, the predicted investment intensity has a significant positive impact on the generation of process and product innovations, even when we consider the dynamics in the generation of innovations. Nevertheless, its impact is smaller when persistence is taken into account. The quantitative effect of this variable is quite similar for process and product innovations. In addition, physical capital intensity is also positively related to the achievement of process innovation, which is coherent with the fact that part of these innovations are attained through the purchase of new machinery. This variable is also significant when the dependent variable does not distinguish between process and product innovations.
The degree of product homogeneity, used as a proxy of demand price elasticity, presents the correct sign according to theoretical predictions, positive for product innovations and negative for process innovations. However, it loses its significance as a determinant of any type of technological innovation (columns (5) and (6) of Table 6 ), which can be explained by its opposite effect on product and process innovations.
17 According to this variable, almost 50% of firms have obtained technological results over the period. a -The prediction of the R&D intensity is obtained from estimations (3) and (5) in Table 5 . Notes: Marginal effects (standards errors in brackets) are showed. ***, ** and * indicate significance on a 1%, 5% and 10% level, respectively. All regressions include a constant and 19 industry and 5 size and 14 time dummies. To avoid multicolinearity, the dummy variables corresponding to year 1991, industry 1 and size up to 20 employees are excluded. The estimates also include four dummies to capture the firm's mobility (merger, scission, entry and exit). v ρ is the percentage of total variance explained by the unobserved heterogeneity.
The Wald tests show that, when persistence is taken into account, there are no significant differences between the probabilities of obtaining process innovations among industries. The size dummies again reflect the advantages of large firms to innovate, and the time dummies denote an increase in the achievement of both types of innovations until 2003, but stagnation during the last two years of the period.
The Total Factor Productivity growth
Finally, in Table 7 we present the results of estimating productivity equation [8] . All estimates are carried out considering the information to be a pool. To control for unobserved heterogeneity, we also made complementary estimations, taking into account the panel structure of the data. However, the test for the null hypothesis that all fixed effects are equal to zero cannot be rejected, as is showed at the bottom of the table.
To take into account the potential endogeneity of the technological factor in the production function, instead of observed technological outputs, we include the predicted values for the generation of innovations obtained from the estimations in Table 6 in the specification. The results show that the omission of the persistence in the analysis of the generation of knowledge leads to an overestimation of the impact of innovations on productivity growth.
Specifically, when the predictions from the static RE Probit model are considered (columns (1) and (3) in Table 7 ), the impact of innovations on the PTF growth is clearly significant, and the quantitative effect is quite similar for both types of innovations. However, when the persistence of innovations is taken into account -columns (2) and (4) -the effect of process innovations on productivity growth is reduced more than fifty percent and the effect of product innovations disappears. Firms which obtain process innovations during the period show a TFP growth significantly higher than non-innovators. In this sense, it seems relevant to consider the true state dependence in the generation of knowledge if we want to capture the real effect of technological outputs on growth. a -Predictions used in columns (1) and (2) are obtained from estimations (1) and (2) in Table 6 , respectively. b -Predictions used in columns (3) and (4) are obtained from estimations (3) and (4) in Table 6 , respectively. c -Predictions of process/product innovation used in column (5) are obtained from estimations (2)/(4) in Table 6 . d -Predictions used in columns (6) and (7) are obtained from estimations (5) and (6) in Table 6 , respectively. Notes: All estimates include a constant, 19 industry dummies and 14 time dummies. To avoid multicolinearity, the dummy variables corresponding to year 1991 and industry 1 are excluded. Standards errors (in brackets) are showed. ***, ** and * indicate significance on a 1%, 5% and 10% level, respectively. The estimates also include four dummies to capture the firm's mobility (merger, scission, entry and exit).
These results are confirmed when we jointly introduce the predictions for process and product innovations as explanatory variables, as can be seen in column (5) of Table 7 . In addition, when we use the prediction for innovation, irrespective of its type, as the only measure of technological output -columns (6) and (7)-, the impact is lower than in columns (1) and (2), in which we consider only process innovations. Unlike most previous empirical papers, which obtain a significant effect of product innovations on the growth of labor productivity, the PTF growth seems to be affected only by process innovations. In that respect, our findings show that the choice of the productivity measure is relevant to properly studying the effect of knowledge generation on growth.
The rest of the variables are included in the estimations to control for the non-fulfillment of the assumptions associated with the Solow residual models (constant returns to scale, instantaneous adjustment of the inputs) and the firm's mobility (entry, exit, merger, scission) during the period. In this sense, the capacity utilization variation is positively related to growth and the negative sign of the weighted inputs variation supports the existence of decreasing returns to scale. In addition, all the mobility dummies show the expected signs but only merger and scission are statistically significant. They have a similar quantitative impact on productivity growth, positive (negative) for mergers (scissions). Although the signs of the dummies for entrants and exiters support the predictions of industry dynamic models, the coefficients are non-significant. Notice that this result can be affected by the fact that we have restricted the sample to firms with more than 7 consecutive observations and therefore we are not capturing all the entries and exits during the period in a suitable way.
Conclusions
Since the mid-1990s, productivity in Spanish manufacturing industry has greatly decelerated.
This phenomenon, shared with the majority of EU members, keeps European countries away from American firms that have been able to use the new telecommunication and information technologies to improve the efficiency in sectors not directly related to them.
With the objective of clarifying the relationship between technological activities and productivity growth, many researchers have empirically tested, with data from different European countries, the recursive CDM model that explains productivity growth by technological outputs and these outputs by R&D effort. In this line, we estimate an adaptation of the CDM model for a panel of Spanish manufacturing firms during the period 1990-2005.
Our main contribution consists of the consideration of persistence both in the R&D investment decision and in the achievement of innovations when estimating the model that reflects the relationship between R&D, innovations and productivity.
The results reflect that the R&D investment status and the production of innovations in one period strongly influence these variables in the next period. The omission of this persistence leads to an overestimation of the effect of the current impact of innovations on productivity growth. Additionally, our paper shows that the choice of the productivity measure is relevant to studying the effect of knowledge generation on growth. Specifically, unlike most previous empirical evidence that finds a positive effect of product innovation on labor productivity growth, in our analysis, only firms which obtain process innovations increase their TFP growth.
These empirical regularities hide important differences in firms' behavior according to their size. Large firms present advantages in exploiting economies of scope and scale in R&D activities. However, they have more difficulties improving their productivity.
Furthermore, the paper shows that the evolution of markets plays a relevant role not only for the probability of engaging in R&D expenditures but also for the effectiveness in obtaining process innovations. Both of them rise when firms perceive their market as expansive.
The estimations also point out the relevance of technological policy as an instrument for increasing productivity. In particular, public funding seems to stimulate R&D investment intensity and improvements in workers' level of education increase both the probability of carrying out R&D activities and the technological effort. In that respect, public support and private R&D investment seem to be complementary rather than substitute activities. In addition, the evidence of persistence in R&D inputs and innovation outputs suggests that the effects of technological policy can also persist in the long term.
Proportion of engineers and graduates:
Ratio of engineers and graduates over total employment.
Public support: Dummy variable which takes the value 1 if the firm has obtained public funding during the year.
R&D expenditures per employee:
Ratio of total expenditures in R&D (including technology imports) over total employment.
Total factor productivity (Solow residual): It is calculated using the Tornqvist index:
TFP y s l s k s m , where the output and the inputs are in logarithmic differences and the weights s in t are the cost shares of each input in the year t. Intermediate consumption variation (m) includes raw materials, services purchases and energy and fuel cost. Output and intermediate consumption are deflated using Paasche-type firm individual indices, constructed starting from the price changes in output and inputs reported by firms. Labor input variations (l) are the changes in total effective hours of work. The user cost of capital is calculated as the long-run debt interest rate paid by the firm plus equipment good depreciation minus the rate of change of a capital goods price index.
